Background: Social and spatial factors are an important part of individual and community health. The objectives were to identify food establishment sub-types and evaluate prevalence of diabetes, obesity, and recommended fruit and vegetable consumption in relation to these sub-types in the Washington DC metropolitan area. Methods: A cross-sectional study design was used. A measure of retail food environment was calculated as the ratio of number of sources of unhealthier food options (fast food, convenience stores, and pharmacies) to healthier food options (grocery stores and specialty food stores). Two categories were created: ≤1.0 (healthier options) and >1.0 (unhealthier options). k-means clustering was used to identify clusters based on proportions of grocery stores, restaurants, specialty food, fast food, convenience stores, and pharmacies. Prevalence data for county-level diabetes, obesity, and consumption of five or more fruits or vegetables per day (FV5) was obtained from the Behavioral Risk Factor Surveillance System. Multiple imputation was used to predict block-group level health outcomes with US Census demographic and economic variables as the inputs. Results: The healthier options category clustered into three sub-types: 1) specialty food, 2) grocery stores, and 3) restaurants. The unhealthier options category clustered into two sub-types: 1) convenience stores, and 2) restaurants and fast food. Within the healthier options category, diabetes prevalence in the sub-types with high restaurants (5.9 %, p = 0.002) and high specialty food (6.1 %, p = 0.002) was lower than the grocery stores sub-type (7.1 %). The high restaurants sub-type compared to the high grocery stores sub-type had significantly lower obesity prevalence (28.6 % vs. 31.2 %, p <0.001) and higher FV5 prevalence (25.2 % vs. 23.1 %, p <0.001). Within the larger unhealthier options category, there were no significant differences in diabetes, obesity, or higher FV5 prevalence across the two sub-types. However, restaurants (including fast food) sub-type was significantly associated with lower diabetes and obesity, and higher FV prevalence compared to grocery store sub-type. Conclusions: These results suggest that there are sub-types within larger categories of food environments that are differentially associated with adverse health outcomes. These observations support the specific food establishment composition of an area may be an important component of the food establishment-health relationship.
Background
Chronic health concerns, which include non-communicable diseases, are a serious nationwide and global health burden, and are projected to worsen in the coming years [1] . In the United States, more than 13 % of the population has three or more chronic diseases, and chronic diseases account for approximately seven out of ten deaths in Americans each year [2, 3] . Obesity is a well-established risk factor for heart disease, diabetes, stroke, several cancers, and other chronic diseases [4] [5] [6] . According to the International Agency for Research on Cancer, obesity is estimated to cause 14 % of cancer deaths in men and 20 % of cancer deaths in women [7] . An estimated 9.1 % of medical expenditures in the US are obesity-related, with a low estimate of $26.8 billion obesity-attributable medical expenditures per annum, [8] for a low estimate of $51.5 billion in medical expenditures per annum. The overwhelming health consequences and costs associated with obesity underscore the importance of identifying risk factors that can be modified through public health or policy interventions.
Nutrition and diet quality are key elements in the acquisition, control, and potential treatment of many chronic diseases and adverse health conditions. Higher consumption of fruits and vegetables has been associated with a lower risk of several diseases, including heart disease and several cancers [9] [10] [11] [12] . The local food environment may influence individual (including food choices) and community health [13] [14] [15] . While individual food choices may be price-sensitive, community food choices are more heavily influenced by local availability [16] . Ideal food environments have available, accessible, affordable, and suitable food [17] , which are factors that can associated with the socioeconomics of the area. Areas of comparatively higher socioeconomic status (SES) tend to have greater access to grocery stores [18] , which may be considered a component of more ideal food environments. Residents of these areas have been observed to have lower BMI and a lower likelihood of obesity [18] [19] [20] . Conversely, areas of lower SES and higher material deprivation often lack grocery stores and instead are serviced by convenience stores and fast food establishments. Observations from other studies that suggest that neighborhood food options affect health outcomes [21, 22] .
Higher obesity prevalence has been observed in residents of these areas, and the food environment may be a contributing factor [23] . The Washington DC Metropolitan area has approximately 5.6 million people [24] . In the District of Columbia itself, approximately 8 % of residents have been diagnosed with diabetes mellitus and 22 % are obese, underscoring the public health importance of chronic conditions [25] . There is considerable geographic disparity in the prevalence of these conditions with the residents in Wards 7 and 8 (southeastern DC) having prevalence of obesity at 35 % or higher, and residents of Wards 1 and 2 (central DC) having prevalence of obesity of 12 % or lower, with a similar pattern for having physician-diagnosed diabetes [26] .
We previously published work evaluating spatial components to the retail food environment (RFE) of the Washington DC Metropolitan area, and observed that while grocery stores were consistently represented across different food environments, restaurants and fast food establishments had much greater variation [27] , suggesting unique sub-types that make up a RFE. One objective of this study was to extend this prior work and evaluate characteristics of different sub-types of food environments within a RFE category (i.e., overall healthier options vs. unhealthier options environments). Another objective of this study was to quantify the association between RFE sub-types and prevalence of diabetes, obesity, and recommended fruit and vegetable consumption (5+ servings per day), at the block group level, while accounting for the SES of the block groups, in the Washington DC Metropolitan area.
Methods
A cross-sectional analysis of RFE and health outcomes (diabetes and obesity prevalence) and behavior (recommended fruit and vegetable intake) was conducted. The overall goal of the analysis was to evaluate relationships with the RFE at the block-group level using imputed health outcome/behavior data. Food environment data was geocoded to the specific location of the food establishments, and thus could be aggregated to block-group level. Health behavior or outcome prevalence was available at the county level, and data was obtained from the Centers for Disease Control and Prevention (CDC) Behavioral Risk Factor Surveillance System (BRFSS). A multiple imputation model was used to generate imputed block-group level data based on US Census demographic and SES characteristic data of the block group. All data for this study are from publicly available, deidentified sources, and our IRB classified it as not human subjects research and did not require further review. Details about this overall process and analysis are provided in this section.
Food environment data were obtained from Dun & Bradstreet's Hoovers listing (updated to April 2011) [28] . The Hoovers listing contains information on the location (on an X,Y level based on their geocoding) and NAICS (North American Industrial Classification System) sector of each establishment within predefined food environment categories [29] . The number and types of food establishments were enumerated for the District of Columbia, Maryland, and Virginia parts of the DC Metropolitan area, as defined by the United States Office of Management and Budget. There were 13,326 establishments across six sectors: pharmacies and drug stores (NAICS 44611, n = 847), restaurants and other eating places (NAICS 722511, n = 3898), supermarkets and other grocery (except convenience) stores (NAICS 44511, n = 2065), specialty food stores (NAICS 4452, n = 1042), convenience stores (NAICS 44512, n = 2178), and fast food restaurants (NAICS 722513, n = 3296). The distinction between restaurants and fast food is determined by whether there is waiter/waitress service to patrons, and establishments such as coffee shops are classified as fast food. Specialty food stores includes meat, fish, and seafood, and fruit and vegetable markets; baked goods; and, confectionery and nut stores. A RFE is the collection of retail businesses available in communities as options for purchasing food. RFE calculation was informed by published methods, and applied to the predefined establishment types available from the Hoovers listing [30, 31] . Differing from the CDC's percentage-based method, we calculated the RFE as a ratio of counts of more unhealthier food options to sources of more healthier food options: (fast food + convenience stores + pharmacies + restaurants)/ (grocery stores + specialty food stores). The block-group aggregation process included a half-mile buffer to account for boundary effects of the block group to account for boundary effects.
Prevalence of diabetes and obesity, estimated by the Behavioral Risk Factor Surveillance System (BRFSS), was obtained from the CDC for 2010 [32] . BRFSS is a crosssectional telephone survey conducted by state health departments, and is used to collect prevalence data for risk behaviors and preventive health practices among adult residents in the United States. The survey includes landline and cellular telephone samples. A disproportionate stratified sampling procedure is used to draw landline telephone numbers from strata based on the presumed density of telephone household numbers. The cellular telephone sample is randomly generated from a sampling frame of confirmed cellular area code and prefix combinations. Approximately 20 % of interviews are completed with cellular phones. Data from out-of-state interviews (i.e., individuals who have moved into other states) are transferred to the appropriate states. The following specific BRFSS questions were used to evaluate diabetes and obesity: "Have you ever been told by a doctor that you have diabetes?"; "About how much do you weigh without shoes?"; and, "About how tall are you without shoes?" The analysis focused on individuals with prevalent diabetes. Individuals who reported diagnosis of prediabetes or diabetes during pregnancy were not included as having prevalent diabetes. Obesity was defined as BMI ≥30 kg/m 2 .
Fruit and vegetable consumption for each area was also obtained for 2009. Fruit and vegetable consumption data was not collected in 2010. On the BRFSS questionnaire, participants are asked to respond numerically to six questions about intake of fruits and vegetables ("How often do you drink fruit juices, such as orange, grapefruit, or tomato?"; "Not counting juice, how often do you eat fruit?"; "How often do you eat green salad?"; "How often do you eat potatoes not including French fries, fried potatoes, or potato chips?"; "How often do you eat carrots?"; and, "Not counting carrots, potatoes, or salad, how many servings of vegetables do you usually eat?"). Participant responses are used to calculate frequency per day and categorize individuals into groups of consuming 5+ or <5 fruit or vegetable consumption per day, and this dichotomized variable is part of the calculated variables provided by BRFSS. A general dietary guideline is for individuals to consume five or more servings of fruits or vegetables per day [33] .
Census data from 2010 was used to characterize demographic and SES attributes of geographic regions. Demographic and SES variables used reflect overall characteristics, socioeconomic inequality, or deprivation in geographic areas [34, 35] . These variables included the percentage of: males, individuals age 18 years and older, individuals age 65 years and older, households with female head of household and children present, households with no vehicle present, workforce employed in management, individuals using public assistance, families in poverty, individuals of White race, individuals of Black race, and individuals of Hispanic ethnicity. Median income was also included. Data were extracted from American Factfinder2 at the county and block group levels [36] . Block groups are statistical divisions of census tracts and typically include between 600 and 3000 residents. A block group consists of clusters of blocks within the same census tract and usually covers a contiguous area. Block group boundaries do not cross state, county, or census tract boundaries. Block groups with no Census demographic data (n = 549), indicating no or few residents, or incomplete demographic data for the variables needed for the multiple imputation model (n = 82), were excluded from the analysis. These demographic and SES characteristics explained 65 %, 44 %, and 67 % of the variability in diabetes, obesity, and FV5, respectively, based on the linear regression R-squared values.
A multiple imputation model was used to predict the block-group level prevalence of diabetes, obesity, and FV5. Metropolitan/micropolitan data for counties in the United States that did not include the counties in the analysis (i.e., the DC Metropolitan area) was obtained from the Selected Metropolitan/Micropolitan Area Risk Trends of BRFSS (SMART BRFSS) [32] . Data across the US provided a varied distribution of health condition prevalence, which provided more stability in the models at more extreme values. Demographic and SES characteristics (listed in prior paragraph) for these areas were used as the predictors (x-variables) in a multivariable normal regression imputation model to predict block-group health behavior/outcome prevalence. The metropolitan/ micropolitan-level data (excluding the DC metropolitan area) was considered as complete data and the blockgroup DC metropolitan area was considered as being missing data. This method controlled for the demographic and SES variables in the prediction of diabetes, obesity, and FV5 prevalence. An iterative Markov chain Monte Carlo (MCMC) method was used [37] . The multiple imputation was performed 10 times to generate 10 different datasets with imputed prevalence. All of the analyses evaluating the health outcome/behavior prevalence utilized the appropriate estimation procedures in order to obtain valid estimates of variability (e.g., standard errors of means).
The RFE ratio was divided into two categories, which are referred to here as "healthier options" and "unhealthier options". The division was ≤1.0, which indicates environments with higher number of sources of more healthy foods than sources of more unhealthy foods, and >1.0, indicating the converse. Restaurants may be neutral in terms of healthier vs. unhealthier, and were not included in the initial calculations of this division. To evaluate sub-types of food establishments that create healthier and unhealthier options areas, statistical clustering was used. Clustering was based on the proportion of food establishments because the number of establishments will drive the clusters (i.e., most of the areas with overall high number of establishments will be in clusters together, regardless of the composition of the area), and proportion does provide information about food establishment options available to people in a geographic area. k-means is a non-hierarchical method of clustering observations into groups, [38] and it was used to identify two or three clusters within each RFE category based on densities of grocery stores, restaurants, specialty food, fast food, convenience stores, and pharmacies. The "cluster kmeans" command in Stata was used to generate clusters. The similarity/dissimilarity measured used was Euclidean distance. The k-means clustering was performed 10 times using initially randomly generated seed numbers that were consistently used for replicability. For the healthier options category, three clusters (sub-types) consistently emerged based on the high percentage of 1) grocery stores; 2) restaurants; and, 3) specialty food, and two clusters emerged for the unhealthier options category based on the high percentage of 1) restaurants, and 2) convenience stores. During each of the 10 clustering runs, each block group was assigned to one of the clusters, which could vary based on the seed number for the run. The most frequently assigned cluster (mode) for the block group was assigned for statistical analysis of health outcome/behavior and food environment sub-type.
Means and standard deviations of proportions were calculated to describe the demographic and SES characteristics within the healthier and unhealthier option categories, and t-tests were used to evaluate for differences across the categories. Means and standard deviations were also calculated to describe the percentage of food establishment types in each sub-type (cluster) within the healthier and unhealthier options categories. Statistical comparisons were not performed for food establishment differences because an objective of clustering is to make the categories as dissimilar as possible, and the statistical significance of this dissimilarity is not meaningful to this analysis. Linear regression was used to evaluate blockgroup level prevalence of diabetes, obesity, and FV5 in relation to the healthier and unhealthier options, and sub-types within and across those options categories. For the healthier option category, grocery store sub-type served as the reference group. For the unhealthier option category, restaurant sub-type served as the reference group. Comparison of health outcomes/behavior was conducted across all of the sub-types using the unhealthier options restaurant sub-type (largest category and lowest prevalence of diabetes and obesity) as the reference group. Analyses were performed using Stata 11.0 (Stata Corp, College Station, TX). A map for the food environment sub-types was created using ArcGIS.
Results
In the aggregate metropolitan area, the mean RFE ratio was 2.06 (95 % CI: 2.01, 2.10). The ratio was significantly lower (more favorable towards higher proportion of healthier options) within the District of Columbia (mean = 1.56, 95 % CI: 1.49, 1.63, p <0.001) compared to Maryland (mean = 2.01, 95 % CI: 1.93, 2.09) and Virginia (mean = 2.17, 95 % CI; 209, 2.24, p <0.001). Overall, the percentage of block groups that were in the healthier options category (RFE ≤1.0) was similar across the aggregate areas of DC (25 %), Maryland (27 %), and Virginia (21 %).
Overall food environment distributions and SES characteristics by categories of healthier and unhealthier options are presented in Table 1 . As expected given the RFE ratio calculation, grocery market and specialty food densities were higher in the healthier options category, and fast food, restaurant, convenience store, and pharmacy densities were higher in the unhealthier options category. Variation in demographics and SES across categories was observed for gender, younger age, household characteristics, Hispanic ethnicity, and income. There were no differences in proportions of older age, Black race, and employment. Table 2 displays the food environment sub-types within the healthier and unhealthier options categories. The healthier options category clustered into three sub-types associated with higher percentages of: 1) specialty food, 2) grocery stores, and 3) restaurants. The grocery stores and restaurants sub-types also had higher percentages of fast food and convenience stores than the specialty food subtype. The unhealthier options category clustered into two sub-types associated with higher percentages of: 1) convenience stores, and 2) restaurants and fast food. Grocery stores, specialty food, fast food, and pharmacy percentages were similar across these two sub-types in the unhealthier options category.
There were significant differences in the prevalence of diabetes, obesity, and FV5 across the sub-types within the healthier options category and across all sub-types (Table 3) . Within the broad healthier options category, the sub-types with higher restaurants and higher specialty food had lower diabetes prevalence than the grocery stores sub-type. The restaurants sub-type also had lower obesity prevalence and higher FV5 prevalence than the grocery stores sub-type. Within the broad unhealthier options category, there were no differences across the sub-types. Across both categories and using grocery stores sub-type as the reference, diabetes prevalence was significantly lower in all of the other sub- Percentage of food establishments is calculated as number of food establishment (e.g., grocery stores)/total count of food establishments (supermarkets, restaurants, specialty food, fast food, convenience stores, and pharmacies) *p <0.05, **p <0.01, ***p <0.001 for mean values compared to healthy block groups, using a two-tailed t-test Percentage of food establishments is calculated as number of food establishment (e.g., grocery stores)/total count of food establishments (supermarkets, restaurants, specialty food, fast food, convenience stores, and pharmacies) x 100 types, and obesity and FV5 were more favorable in some of the other sub-types.
Discussion
One objective of this study was to extend this prior work and evaluate characteristics of different sub-types of food environments within a RFE category (i.e., overall healthier options vs. unhealthier options environments). These results suggest that food environments, at the block-group level, that are classified as having a higher proportion of healthier options clusters into sub-types based on grocery stores, restaurants, and specialty food. However, specialty food stores were not a dominating driver of the third sub-type, and similar proportion of specialty food and restaurants were observed. Food environments that were classified as having a lower proportion of healthier options cluster into two sub-types, one dominated by convenience stores and the other by restaurants and fast food establishments. Another objective of this study was to quantify the association between RFE sub-types and prevalence of diabetes, obesity, and recommended fruit and vegetable consumption (5+ servings per day), at the block group level, while accounting for the SES of the block groups, in the Washington DC Metropolitan area. Arguably, the most interesting observation is that, within a food environment classified as "healthier options" based on an overall ratio of sources of unhealthier food to sources of healthier food, there are distinct sub-types that give rise to the overall food environments, and these sub-types are differentially associated with health outcomes. The particular food environment sub-types associated with better health outcomes/behaviors were characterized by higher percentage of restaurants or specialty food, compared with the grocery market sub-type. Within the overall unhealthier food environments, there were no differences across the sub-types. Additionally, the healthier options grocery market sub-type and unhealthier options convenience store sub-type had similar prevalence of obesity and FV5, supporting that the specific food establishment composition of an area may be an important component of the food establishment-health relationship. A possible associated factor is that areas with grocery stores may be in areas that are more reliant on car traffic and are less pedestrian friendly. Such neighborhoods may be associated with other variables, such as exercise patterns, that also influence diabetes and obesity.
Lower SES is a risk factor for diabetes and obesity [39] [40] [41] . Areas of comparatively higher SES tend to have greater access to grocery stores, and residents of these areas have shown significant associations with decreased BMI and lower odds of obesity. Similarly, areas of lower SES and higher material deprivation lack proximity to grocery stores and food choices are often limited to convenience stores and fast food establishments. Higher obesity prevalence has been observed in residents of these areas. However, SES is composed of numerous factors that are also risk factors for adverse health conditions, and less is known about the food environment independent of neighborhood SES characteristics. The design of our analysis controlled for numerous potential confounding factors, including neighborhood demographic and SES characteristics, suggesting that association between food environment and health may not be limited to economically deprived areas, and future work should evaluate the role of the food environment on adverse health outcomes across varied demographic and SES areas at different levels of geography.
The Washington DC Metropolitan region includes the densely populated urban area of the District of Columbia and some parts of the suburban and rural areas in the surrounding states of Virginia, Maryland, and West Virginia. RFE for this study was measured by the ratio of more unhealthier food options (fast food, restaurants, convenience stores, and pharmacies) to more healthier food options (grocery stores and specialty food stores). Diabetes, obesity, and FV5 predicted from multiple imputation using variables in Table 1 *p <0.05, **p <0.01, ***p <0.001 for comparison of diabetes, obesity, or fruit and vegetable intake prevalence compared to the reference group within the healthier options (reference: grocery stores) and unhealthier options (reference: restaurants and fast food) † p <0.05, † † p <0.01, † † † p <0.001 for comparison of diabetes, obesity, or fruit and vegetable intake prevalence compared to the reference group of "Healthier Options Sub-Type 1: Grocery Stores" across healthier and unhealthier options categories (in the entire group)
There are different measures that have been used to evaluate the food environment based on counts or densities of food establishments, such as the Retail Food Environment Index (RFEI) used by the California Center for Public Health Advocacy (CCPHA), which is a ratio of (fast food restaurants and convenience stores) to (supermarkets, other grocery stores, and produce vendors) [42] . The CDC also uses a modified RFEI that is a percentage-based measure of the number of health food retailers divided by the total number of healthy and less healthy food retailers [43] . There is no gold standard measure of the RFE. The measure we used here was more similar to the CCPHA, but analyses also included restaurants in the overall count of food establishments (denominator for proportion calculations) in order to not exclude a substantial portion of the food establishments in the DC Metropolitan Area. The mean RFE ratio for the District of Columbia metropolitan region suggests there are twice as many unhealthier food options than healthier food options. However, there was a wide variation in the RFE ratio within the metropolitan area. In other work, we observed that this distribution was not solely a result of a higher frequency of grocery stores, which suggested that changing the grocery store availability may not be the most effective route to favorably altering the food environment [27] .
The differences in health behavior and outcome prevalence across sub-types are notable in healthier options and across healthier options and unhealthier options categories, suggesting that some healthier options environments are associated with poorer health outcomes. If these observations contribute to further work in the field that identifies ways to mitigate health outcomes through the food environment across all levels of the food environment, this could have tremendous public health impact. For example, higher diabetes prevalence can add considerably to health care costs. The American Diabetes Association reported that expenditures attributable to diabetes were greater than $245 billion per year across the population and annual per capita health care costs with $176 billion as the estimated direct costs [44] .
There are some notes of caution in the interpretation of these results. The study was cross-sectional and directionality of the association cannot be established with this design. As such, it is not possible to evaluate within this study whether unhealthier RFE are causes of adverse health outcomes or behaviors. The temporality and timing of food environment influence will be an another important consideration for policies or understanding etiology and future studies at the individual level and conducted longitudinally can provide complementary information to our observations. Temporality may also be an issue due the differences in years of the BRFSS data and food establishment data. The food establishment data is updated continuously. There will have been some changes in the food establishments after the BRFSS data collection, and this is a noted limitation of the analysis. However, the majority of the food establishments will be reflective of what was present at the time of BRFSS data collection. Demographic and socioeconomic variables were inherently controlled for the health outcomes prevalence by the imputation method, but residual confounding and confounding by unmeasured characteristics is possible. For example, unmeasured characteristics could include whether certain population groups that cluster geographically have particular beliefs around certain foods or types of food. The ecological design is appropriate for this specific analysis because it is a way to evaluate the RFE on the aggregate level adverse health outcomes. This can be relevant to evaluating whether food environment changes at the aggregate level (i.e., policies or infrastructure) influence health. However, the ecological design does not allow for evaluating whether macro-level RFE effects influence individual-level behaviors or outcomes. Further work using individual-level observational data will inform etiologic mechanisms by which the RFE affects health. Studies that can utilize individual-level geocoded health data are needed to address the questions about etiologic mechanisms. This analysis allows for study of populationlevel health in relation to food environment proximity, but it is not possible to study utilization of a given food environment. The geographic focus of this study provides valuable information to the District of Columbia metropolitan area, but may not be generalizable to other regions. The U.S. Census and BRFSS data are national; thus, methodology used in this analysis could be used for future studies within other areas or across the U.S.
Conclusions
Overall, the results of this study suggest that the immediate food environment is significantly associated with prevalence of diabetes, obesity, and 5+ fruit or vegetable consumption across the DC Metropolitan area. These results are consistent with expectations of the association between food environment and health conditions. However, a notable observation in this study was that within environments with higher density of healthier food sources compared to density of unhealthier food sources, there are different types of sub-types. These sub-types are differentially associated with diabetes, obesity, and 5+ fruit or vegetable consumption. Specifically, areas with a relatively higher density of grocery stores had higher prevalence of diabetes and obesity, and lower prevalence of fruit or vegetable consumption, compared to the other sub-environments with a particular level of RFE. These relationships have not been widely studied, and our results contribute to a foundation for future work to evaluate the role of particular distributions of food establishments within areas that have an overall favorable ratio of sources of healthier food to sources of unhealthier food.
Evaluation of the immediate food environment of an area may provide public health professionals and policy makers with information regarding the most effective level of geography at which changes in the food environment could improve health (e.g., the effectiveness of mass campaigns vs. local level interventions). Information at the block-group level may help to inform local strategies, such as community outreach or activities, or feedback to higher level urban planning. Future studies could evaluate legislative districts or municipalities, which could be informative to policy makers. To extend beyond cross-sectional, ecological work, future studies of food-related environmental and individual-level factors will help elucidate targets for public health intervention to reduce adverse health conditions, through means such as modification of the food environment or individual-level interventions to make healthier choices within the food environment. It may be beneficial to extend this work to other metropolitan regions to assess if there is consistency across regions. The results of this study likely extend to other geographic areas, and this work provides a foundation to evaluate other areas.
